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Abstract
Considering cells as biofactories, we aimed to optimize its internal processes by using the same engineering principles that
large industries are implementing nowadays: lean manufacturing. We have applied reverse engineering computational
methods to transcriptomic, metabolomic and phenomic data obtained from a collection of tomato recombinant inbreed
lines to formulate a kinetic and constraint-based model that efficiently describes the cellular metabolism from expression of
a minimal core of genes. Based on predicted metabolic profiles, a close association with agronomic and organoleptic
properties of the ripe fruit was revealed with high statistical confidence. Inspired in a synthetic biology approach, the model
was used for exploring the landscape of all possible local transcriptional changes with the aim of engineering tomato fruits
with fine-tuned biotechnological properties. The method was validated by the ability of the proposed genomes, engineered
for modified desired agronomic traits, to recapitulate experimental correlations between associated metabolites.
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Introduction
Considering a cell as a DNA-based molecular factory [1] and
applying principles drawn from industrial engineering provides
new approaches to optimize cellular performance (Figure S1). This
approach adopts the new philosophy implemented nowadays by
large industries that is known as Lean Manufacturing (LM). LM
consists in the implementation of standards based on elimination
of bottlenecks and processes without mark-up and minimization of
pathways and excessive costs. This approach can be applied to the
emerging fields of systems and synthetic biology, and allows
translating engineering concepts into biotechnology [2–4]. Our
main goal is to optimize the phenotypic response of a natural plant
biofactory, exemplified here by the edible tomato fruit, by using a
combined experimental and computational synthetic biology
approach. The approach involves re-designing the fruit factory
from within; i.e., by modeling and identifying the important genes
and intermediates for a given trait of agronomical interest.
Previous works have considered modeling the global metabo-
lism [5], transcription [6–11] or the integration of both in
microbial organisms [12–14] from the point of view of systems
biology. Many groups, using a re-designing strategy that is
characteristic of synthetic biology, have implemented genome-
scale re-designs and explorations of the gene knockout landscape
both in prokaryotes [15–17] and eukaryotes [18]. More recent
reports have tackled the prediction of phenotypes from metabolic
data based on statistical models for microbes [12] and plants [18–
20]. The next logical and desirable development should consist in
modeling phenotypes of interest in a complex organism from
metabolic and gene expression data. For that purpose we have
chosen tomato: a model plant for fleshy fruit -this being a natural
biofactory of nutrients and healthy compounds, and a plant of
agronomic interest with well-developed genetics and genomics
(http://solgenomics.net) and with extensive work on metadata
analysis [21–23]. We have assumed that at least in part the genetic
program of the fruit at the ripe stage should have an impact on the
metabolite content and also in other high order fruit traits. In this
study, we have used omic data that have been experimentally
obtained by means of transcriptomics, metabolomics and
phenomics for a large number of recombinant inbred lines (RILs)
derived from a cross of Solanum lycopersicum6S. pimpinellifolium.
Following the LM approach, we have developed here a novel in
silico optimization method that extensively explores single and
multiple genetic perturbations to render a series of desired tomato
phenotypes; i.e., show agronomical properties of biotechnological
interest. Recently, large efforts in genome-scale modeling have
been reported [24,25] (e.g., genome wide selection methods).
Herein, techniques based on reverse engineering were applied to a
large set of experimental omics data to obtain a kinetic model
based on ordinary differential equations (ODEs) that describe the
steady state concentration of mRNAs. This model has the
advantage of quantitatively characterizing the kinetic parameters
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the genetic perturbations involved in redesigning genomes. Hence,
this model describes the fruit metabolic profile from gene
expression data for an autonomous subset of genes with potential
effect on transcription regulation. By capturing relationships
between metabolic profiles and high-throughput phenomic data,
our model was extended to predict changes in agronomic
properties that would be produced by specific changes in genetic
expression (Figure S2).
Finally, in order to close the design cycle imposed by LM, the
genetic modifications suggested by our computational approach
were experimentally verified. This was done by demonstrating the
predicted ability of the in silico modified fruit genomes to reproduce
the correlations between metabolites empirically found in the fruit.
We propose that the principles and practices learned from these
engineering success cases can help to formulate a model to guide
the design of new organisms with biotechnological applications.
Results
A genome-wide transcriptional model allows the
integration of tomato fruit metabolism
We have extended our recently developed inference method-
ology, InferGene [7], to obtain a gene regulatory model coupled to
metabolism that allows us analyzing optimality in terms of
specified agronomic and organoleptic properties of the tomato
fruit (Figure 1). For this, we have taken advantage of an
experimentally characterized subset of the metabolome of 169
tomato RILs, which includes the accumulation levels of 67
metabolites in the fruit and that contribute to the flavor (sugars,
acids and some volatiles), aroma (volatiles) and other quality traits
(such as color and healthy carotenoids and vitamins). Moreover,
we have also used the information on transcript levels from fruits
for a subset of the 50 RILs analyzed at the metabolic level, to select
5592 non-redundant genes that were consistently expressed in
those fruit samples (see Methods).
Transcriptomic and metabolomic data from these 50 RILs were
normalized by the LOWESS method [26] and used to construct a
model that predicts components of the fruit quality metabolome
from transcriptome data; i.e., level of a given metabolite is
effectively determined by the expression of a minimal set of genes.
The size of the space of possible gene-predictors was reduced in
one order of magnitude by using a CLR method (Dataset S1).
After that, LASSO method was used to find a minimal set of
potential predictor genes for each metabolite; subsequently,
multiple regressions were obtained to estimate the effective kinetic
parameters of a linear model based on ODEs that integrates
transcription and metabolism processes in steady state (Figure 2)
[7]. Values zw3 were used as optimal threshold in order to limit
the number of possible gene-metabolite interactions and minimize
the distance between the predicted and measured metabolic
profiles over the training set in terms of average Pearson
correlations (blue bars in Figure 2C; r=0.85, 167 d.f.,
pv0:001). Hence, on average, each metabolite required 18 genes
for explaining its behavior, thus a total of 959 genes was required
to describe our tomato fruit metabolome. This subset of genes
constitutes the effective transcription network. We performed a 5-
fold cross-validation test to rule out dependence of the testing set,
this reducing the metabolite average prediction (red bars in
Figure 2C; r=0.42, 167 d.f., p=0.067 with a mean false positive
rate (FPR) of 14% and a 56% mean positive predictive value (PPV)
of predictors (bootstrap test, pv0:05 and pv10{5, respectively).
The next step was to construct an effective gene regulatory
model able to predict autonomously the transcriptional processes
that, by means of the model previously described, would generate
a quantitative metabolic response. In this way changes at the
transcriptional level resulting from the proposed genetic pertur-
bations could be translated and predicted effectively into metabolic
changes. For doing that, we used the microarray data obtained
from fruits of 50 of the RILs to infer a network of gene-gene
interactions. The CLR method provided the first sets (zw2)o f
predictor genes for each gene considered. Afterwards, LASSO
method reduced the number of regulations per gene to a scale-free
space following a power-law with exponent c~5:47 (R2~0:91)
and an average of 26 interactions per gene. High values of
similarity between the predicted and measured gene expression
(blue bars in Figure 2D) were computed for the whole training set
(vrw~0:793, 48 d.f., pv0:001) while for a 5-fold cross
validation the average similarity (red bars in Figure 2D) was
r=0.59 (48 d.f., pv0:1) with a mean FPR of the 25% and a
63%mean PPV of predictors (bootstrap test, pw0:365 and
pv10{5, respectively).
Specific metabolic combinations can reliably model
different aspects of the fruit phenotype
We addressed the question of whether the agronomic/
phenotypic properties of the tomato fruit could be determined
by their metabolite composition. For that, we studied the
relationship between agronomic properties and metabolic com-
position across 169 tomato RILs. We applied LASSO method to
select a set of metabolites that may act as predictors for each
agronomic property (Dataset S1). Our model included 47
metabolites observing considerably high Pearson correlations
between the measured and predicted phenotypic responses over
the 169 RILs for number of fruits per plant and fruit harvested
across two different seasons, (Figure 2A; r=0.62 and r=0.73
respectively, 167 d.f., pv0:001 in both cases). A reduction to
r=0.46 (167 d.f., pv0:1) and r=0.62 (167 d.f., pv0:05) in the
median correlation was computed in a 10-fold cross validation,
with 84% mean PPV in both cases (bootstrap test, pv0:001), and
mean FPR of 33% and 35% (bootstrap test, pv10{4 in both
cases), respectively. Average fruit weight and pH required as many
as 44 metabolites as potential predictors with high reliability levels.
Reliability was assessed by comparing the corresponding predicted
and measured values for the 169 RILs (Figure 2A; r=0.85 and
r=0.80, 167 d.f., pv0:001 in both cases). A 10-fold validation
only reduced those similarities to r=0.73 and r=0.63 (167 d.f.,
pv0:05 in both cases), with mean FPRs of 37% and 22%
Author Summary
Considering cells as biofactories, we aimed to optimize
their internal processes by using existing design principles
acquired from engineering. Herein, we present a synthetic
biology approach based on experimental and computa-
tional methodology that integrates genomic, transcrip-
tomic, metabolomic and phenomic data to formulate a
kinetic and constraint based model of tomato agronomic
and fruit quality characteristics. The model has been used
for exploring the landscape of all possible local transcrip-
tional changes with the aim of engineering tomato fruits
with improved biotechnological properties. The method-
ology was validated by the ability of the proposed
engineered genomes with modified desired agronomic
traits, to recapitulate correlations between associated
metabolites that are found experimentally in a number
of examples.
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PPVs of 81% and 88% (bootstrap test, pv0:001 and pv10{5),
respectively. Additionally, to test how the metabolome contributed
to an accurate prediction of tomato phenotype, we studied the
relationship between agronomic properties and gene expression of
the core of 959 genes across the 50 tomato RILs [27]. Note that
we select this reduced set of genes as a core of potential predictors
to avoid model over-fitting due to the low number of RILs with the
transcript levels measured. Imposing the same criteria that was
used to select metabolites as predictors, we observed that
similarities between predicted and measured values of number of
fruits per plant and harvested fruits increased (r=0.80 and
r=0.81, 48 d.f., pv0:001 in both cases) while average of fruit
weight and pH decreased (r=0.79 and r=0.73, 48 d.f., pv0:01 in
both cases) (see dashed line in Figure S3A–B). Moreover, relaxing
the threshold (zw3) to include possible interactions agronomic
variable-genes in the LASSO method, surprisingly similarities for
all agronomic variables highly decreased (r,0.65, 48 d.f., pv0:01;
see Figure S3C–D). Hence, we illustrated an alternative way to
described accurately phenotypic properties of tomato fruit by
using gene expression profile of the reduced set of RILs.
Next, to test the specificity of the inferred model parameters, we
perturbed the target phenotypic profile for each RIL adding
different levels of noise. Figure 2B shows the distance between
predicted and measured values (green points) and mean correla-
tions for different noise levels. A similar approach was performed
by using the metabolic and gene expression profiles (red and blue
points, respectively). Correlations with significance levels higher
than the indicated above were not considered in the cross-
validations. In addition, we estimated a very low mean error in
predicting the agronomic properties across the training set
(0:45vsAVwRIL, see Methods).
Genome design based on single perturbations results in
discrete but consistent improvements in agronomic
properties
Here, our main goal is to redesign the genome of tomato to
generate an engineered surrogate that, if viable, would be easier to
study and of greater potential biotechnological interest. Our design
approach was inspired by the practice of in silico optimization over
a predictive global model. Our next step was to test the possibility
of improving agronomical properties of interest. We tested several
scoring functions that fall into two global types: on the one hand,
agronomical variables measured experimentally such as the
number of fruits harvested per plant, the average fruit weight or
its pH; and on the other hand, more complex fruit attributes that
could be defined according to some of the components of the
metabolic profile and are related to organoleptic properties of the
fruit. In this later case, we first evaluated as proof of concept: fruit
acceptability according to criteria based on acidity and sugars
Figure 1. Lean Manufacturing as a model applied in systems and synthetic biology. From omic data (transcriptomics, metabolomics and
phenomics), a quantitative global model was constructed using reverse engineering methods. The predictive model was used to propose genome
perturbations, to improve desired phenotypes with relevant biotechnological applications. The genome perturbations were guided by an in silico
optimization that imposed the desired selective pressure.
doi:10.1371/journal.pcbi.1002528.g001
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aroma and by a reported [28] panel assessments of the tomato
fruit and consequently on organoleptic acceptance. For this latter
case we assumed a strong influence of a set of metabolites to be
either maximized (b-ionone, b-damascenone, 2-phenylethanol and
benzaldehyde) or minimized (methyl salicylate, guaiacol, hexanal,
1-penten-3-one and (E)-2-hexenal) using balanced weighting
factors to account for their positive or negative contribution to
quality. Moreover, all single metabolites were also optimized in
single target analyses. Finally, a bi-objective function that included
a high trade-off was proposed to optimize fruit quality and its
production. As a first approach, we re-engineered tomato genome
by perturbing independently the 959 genes included in the model,
then we re-computed the scoring functions for all RILs enumer-
ating all single knockouts and finally, all gene over-expression
models were obtained.
Hence, mimicking the optimization patterns typical from LM,
the landscape of desired agronomic properties of tomato fruit was
exhaustively explored perturbing its effective transcriptional
regulatory network (TRN) with single-gene alterations. Figure 3A
shows the improvement of two of the agronomic properties
mentioned above (fruit acceptability and quality vs production) as
result of single gene perturbations according to our model. The
success of the approach is shown by the efficiency function
obtained for each transcriptional perturbation computed and
which is defined by the normalized ratio between the agronomic
property obtained for the re-engineered TRN and that for the
wild-type TRN. Both agronomic properties and efficiencies in the
case of single-perturbations were computed for each of the 169
RILs, resulting in a high variability between the lineages for all
knockouts and over-expressed gene re-engineered TRN cases. We
corroborated that there is a highly significant linear correlation
(R2w0:99, pv0:001 for fruit acceptability and quality vs
production) between the average value of the improved agronomic
properties and the efficiencies reached across the set of RILs for all
transcriptional perturbations. Both gene knockout and over-
expression models resulted in similar linear regression slopes when
considering acceptability and quality vs production together (0.05
and 0.24, respectively, Figure 3A). In addition, we also explored
the possibility of tuning a given agronomic property towards a
Figure 2. Predictive power and statistical significance of the effective global model of tomato fruit. (A) Prediction of the agronomic
properties experimentally measured over the 169 RILs. The straight line represents the exact prediction. (B) Distance between distributions of Pearson
correlations for the fruit agronomic properties, metabolites and genes (green, red and blue points, respectively) over training sets and in random
permutations of them with different noise levels. (C, D) Histogram of Pearson correlations between the measured and predicted metabolite and gene
levels over their training sets (blue bars) and over sets with a 10- and 5-fold cross validation tests (red bars), respectively.
doi:10.1371/journal.pcbi.1002528.g002
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tions (see Text S1); achieving also in this case high efficiency values
(Figure S4 and Tables S1 and S2).
After this, we ranked the list of knockout/over-expressed genes
of the TRN according to two criteria directed to maximize: (i) the
mean efficiency across all lineages in the case of goals such as
acceptability and quality vs production; and (ii) the average of the
maximum agronomic property reached by all possible TRN
reconfigurations in the case of fruit quality (Dataset S2).
Specifically, Table 1 shows the top 5 genes proposed for knockouts
or over-expressed depending on the fitness evaluated. Fruit
acceptability could be improved to 2.91% or 8.84% using gene
knockout (i.e., LE24K20) or over-expression (i.e., LE13M10) in all
lineages, respectively. By contrast, quality was highly increased
achieving improvement ratios of 43.34% by gene knockout (i.e.,
LE24K20) and 227.31% by over-expression of LE15D07. Finally,
taking into account not only the quality but also fruit production,
ratios decreased to 15.32% (i.e., LE13F23) and 35.94% (i.e.,
Figure 3. Exploration and statistical significance of the landscape of multiple agronomic properties of interest for tomato fruit
applying local perturbations in its effective TRN. (A) Agronomic properties improved by perturbing a single gene as function of efficiency
reached by that transcriptional perturbation with respect to the wild-type scenario; only perturbations causing positive mean efficiencies are plotted.
Both agronomic properties and efficiencies of a single perturbation are tested on the 169 RILs and error bars represent their minimum and maximum
values in both axis. (B) Relationship between agronomic properties in the wild-type genome and the average of the agronomic properties resulting of
all single perturbations in the wild-type TRN for each RIL; vertical error bars represent the best and worst optimized re-engineered TRN for a given RIL.
(C) Average number of single gene perturbations that overcome a given efficiency threshold in the 169 RILs (light bars; error bars represent standard
deviation for the 169 RILs) and average probability of selecting the same gene-perturbation in a set of RILs (dark bars; error bars show standard
deviation for all genes of the TRN). Left and right columns represent perturbations of single gene in case of knockout or over-expression, respectively.
(A, B) show fitness as related to the acceptability of tomato fruit (blue) and production vs. quality (red); (C) and fitness values associated to maximize
only fruit quality (green). Agronomic properties are plotted in arbitrary units.
doi:10.1371/journal.pcbi.1002528.g003
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PLoS Computational Biology | www.ploscompbiol.org 5 June 2012 | Volume 8 | Issue 6 | e1002528Table 1. The top 5 single-gene knockouts and over-expressions that maximize the agronomic properties of the tomato fruit
resulting of optimize several objectives.
Gene Gene Annotation Efficiency (%)
1 RIL Probability
2
Acceptability
LE24K20 Eukaryotic translation initiation factor 2 gamma
subunit, putative
2.91 103 1
LE18G02 Heat shock protein, putative 1.81 103 1
LE30E17 Amino acid binding protein, putative 1.79 103 1
LE21B20 Chaperone GrpE type 2 1.68 103 1
LE11F03 GATA transcription factor, putative 1.45 103 1
LE13M10 Ribosomal protein L30e 8.84 103 1
LE32K06 LEXYL2 5.87 103 1
LE14B20 Clathrin adaptor complexes medium subunit
family protein
1.08 103 0.98
LE33M04 Splicing factor 3B subunit, putative 3.46 103 1
LE3H15 Non-cell-autonomous protein pathway1,
plasmodesmal receptor
0.48 103 0.95
Quality (aroma and taste)
LE24K20 Eukaryotic translation initiation factor 2
gamma subunit, putative
43.34 142 0.30
LE18G02 Heat shock protein, putative 39.06 142 0.31
LE25A03 Ribosomal protein S27-like protein 11.98 142 0.13
LE14J12 40S ribosomal protein S3a-like 11.82 142 0.13
LE33G09 Predicted protein from Populus trichocarpa 11.75 142 0.31
LE15D07 Polynucleotide kinase- 39-phosphatase, putative 227.31 142 0.31
LE27C02 Phytoene dehydrogenase, chloroplastic/chromoplastic 186.12 142 0.31
LE8A19 Putative glycerophosphoryl diester
phosphodiesterase family protein
169.35 142 0.31
LE3H15 Non-cell-autonomous protein pathway1,
plasmodesmal receptor
143.53 142 0.31
LE14B20 Clathrin adaptor complexes medium subunit
family protein
135.47 142 0.31
Quality vs production
LE13F23 Chloroplast phosphate transporter precursor 15.32 135 0.63
LE15L08 Putative rac protein 12.32 135 1
LE1P20 Glycyl-tRNA synthetase 2, chloroplast/mitochondrial
precursor, putative
12.00 135 1
LE22K20 Ubiquitin-conjugating enzyme E2, putative 11.27 135 0.93
LE26N09 6-phosphogluconolactonase-like protein 10.23 135 0.99
LE14B20 Clathrin adaptor complexes medium subunit family protein 35.94 135 1
LE16L04 Ureide permease, putative 28.05 135 0.98
LE3H15 Non-cell-autonomous protein pathway1,
plasmodesmal receptor
23.04 135 1
LE15D07 Polynucleotide kinase-39-phosphatase, putative 20.22 135 1
LE8A19 Putative glycerophosphoryl diester phosphodiesterase family
protein
16.59 135 0.63
Notice that the first five genes is the top 5 of single-gene knockouts and the following five is the top 5 in over-expression.
1Efficiencies were selected in the RIL where the perturbation maximizes the fitness.
2Probability of selecting the given perturbation across the set of RILs at the maximum level of efficiencies.
doi:10.1371/journal.pcbi.1002528.t001
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Notice that all these rates of improvement were achieved in the
lineages that provided maximum fitness in the wild-type TRN.
Lineages exhibited variability in their resistance to be optimized
and this resistance changed with each target agronomic property.
Figure 3B shows a strong linear dependence between the level of
the agronomic property in the wild-type TRN and the average
level of the agronomic properties resulting from all single
perturbations in the TRN for each RIL (linear regression slope
in the range 0.99–1.12 and R2w0:99, pv0:001). Interestingly, we
observed that the effect of predicting agronomic properties under
genetic perturbations was not dependent on the lineage selected.
This provided a high level of robustness when we selected the
lineages to implement experimentally re-designed TRN.
We computed the average number of single-gene perturbations
to overcome an efficiency threshold given in the 169 RILs and the
average probability of selecting the same gene-perturbation
commonly for the whole set of RILs. The right panel in
Figure 3C shows that only a few gene knockouts were able to
improve fruit acceptability with a high probability in all lineages
whereas, on the other hand, tens of gene knockouts could be
proposed for increasing fruit quality and for the quality and
production. On the other hand, the left panel in Figure 3C allowed
re-asserting that re-engineering the TRN by gene over-expression
could result in higher increments in the agronomic properties and
with a higher density of suggested perturbations across the RILs.
A sub-optimal design landscape can be proposed using
multiple genetic perturbations
The next step in our study was to propose new genome re-
designs including multiple perturbations. To do this, we sampled
widely the landscape of the acceptability, quality and quality vs
production of tomato fruits by introducing two-gene perturbations
either by knockouts and over-expressions (Dataset S3). Figure 4A
shows the median efficiencies reached by two-gene transcriptional
perturbations based on knockouts and over-expression in order to
improve the agronomic properties defined as multiple-objective.
As expected, we corroborated that multiple perturbations, located
in different pathways (Table 2), could improve the agronomic
properties significantly better than single perturbations. Table 2
lists the best gene-pairs to be used in perturbations that maximize
such agronomic properties of the fruit. Figure 4B shows the
average number of single gene perturbations that are able to
overcome a given efficiency threshold for the top 5 RILs when
ranked for single perturbations as well as the average probability of
selecting the same multiple-perturbation commonly in a set of
RILs.
Model validation: the proposed genetic perturbations in
re-engineered fruits with modified aroma reconstruct the
correlation matrix found experimentally between aroma
volatile compounds
After generating our predictive model for the TRN and
metabolism of tomato fruit, we use it to automatically design
tomato genomes with extreme alterations for each of the 56
volatile compounds by introducing a set of genetic perturbations.
We compared sets of genetic perturbations for all pairs of volatile
compounds and then inferred their levels of correlations (see
Methods). Hence, these predicted correlations were compared to
the levels of correlations obtained from the experimental values for
each volatile pair that often reflects their belonging or not to the
same metabolic/regulatory pathway or to be or not structurally
related. Figure 4C–4F shows the predictive power of our model to
determine correlations between all the volatile compounds.
Interestingly, selecting a correlation cut-off between 0.5 and 0.8
we obtained high performance F-scores (see Methods section)
ranging between 0.32 and 0.91 (Figure 4D) for gene knockouts and
between 0.31 and 0.80 when model selected genes by over-
expression (Figure 4F). Notice that only pairs of experimental
volatile compounds with rw0:5 were considered. Predictions
decreased when we incorporated all pairs of compounds
(Figure 4E–4F) indicating that our model captured high correla-
tions observed experimentally with more precision. Figure S5
shows the dendograms of the volatile compound obtained from the
correlation of experimentally obtained volatiles levels and the
dendograms obtained using as distance between volatile com-
pounds the number of common genetic perturbations proposed by
the model. We observed that perturbations proposed by gene
over-expression were pivotal to predict computationally significant
distances between volatile compounds (Mantel test: r=0.54, 1540
d.f., pv10{5) thus providing high support to our model. By
contrast, predicted perturbations based on gene knockout could
only identify a small fraction of the entire dendogram (Mantel test:
r=0.38, 1540 d.f., pv10{5).
To give further support to our model we constructed
experimentally two inbred lines (ILs) derived from another
interspecific cross whose transcriptome and metabolome were
also experimentally measured. Parents of these ILs are a different
cultivar of tomato M82 and a S. pennelli accession and therefore
represent a completely different set of gene alleles from those in
RILs used to construct the model. These ILs can be used as
independent and useful test case to evaluate the validity of the
model. We corroborated that a significant set of genetic
perturbations suggested by computational design to optimize the
phenotype observed were identified as genes differentially altered
in the target phenotype (Text S1 and, Figure S6).
Discussion
LM is a methodology that is being implemented by large
industries to optimize their production. In the process of decision
making applied to the redesign of production systems, firstly,
engineers evaluate systematically the addition or elimination of
resources in each of the participating single processes; afterwards,
multiple changes are considered trying to achieve maximum
quality and production [29]. Translating this engineering
approach to a cellular molecular factory and identifying the basic
functional elements has allowed us to develop a design method-
ology that optimizes the genome, resulting in a more desirable
phenotypic properties. In addition, by mimicking the methodology
from LM we have provided a first robust optimization to redesign
an optimal genetic network based on the systemic exploration of
the effects of a large number of single gene knockout and over-
expression genotypes; then, a second multiple-optimization of
random paths allowed improving substantially the desired
agronomical properties. The success of this approach indicates
that despite the existence of molecular interactions, the model is
able to overcome this limitation and results in a good predictor.
We have proposed several re-engineered genomes that improve
desired agronomic properties of the fruit by targeting single or
multiple genetic modifications. It has been previously reported that
single under-/over-expressed of certain genes may affect fruit
quality traits, being these key genes involved in the biosynthesis of
a product of fruit metabolism or to a general ripening regulators
(i.e., carotenoids [30]). We have explored single perturbations by
gene knockout or over-expression and our results indicated that a
significantly better fine-tuning could be obtained by using over-
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could reach even more than 4-fold the wild-type value of most of
phenotypes desired by designing genomes with only two genetic
perturbations (Figure 4A and Table 2). The magnitude of the
predicted change sometimes may appear low but an improvement
in a quantitative trait, if consistent and predictable, maybe
economically important. Indeed, a good combination of high
yield with even slightly increased solid solids content is a major
breeding goal for processing tomatoes that it is difficult to be
achieved [31] because of polygenic nature and pleiotropic
relationships of both traits [32].
Although it is not the objective of this paper, it does not escape
our attention that some of the perturbations proposed are
consistent with the biological processes associated to the trait
and therefore the model could be used to reveal the molecular
underpinnings of quality traits (see experimental evidences of each
gene perturbation proposed by the model in the Dataset S4). For
instance the role of YABBY (a gene proposed by our model to affect
quality) in controlling fruit size probably through the auxin
pathway and the effect of auxin in altering fruit growth and
ripening has been previously reported [33,34]. Similarly the
importance of phytoene desaturase to affect carotenoids and
Figure 4. Experimental validation of the landscape of tomato agronomic properties by using genetic perturbations. Heuristic
exploration (A) and statistical significance (B) of the landscape of multiple desired agronomic properties of tomato fruit perturbing its effective TRN
adding multiple genetic changes and, predictive power (C–F) for optimizing the levels of volatile compounds and identifying compounds in closed
metabolic pathways. (A) Median efficiencies reached by transcriptional perturbation based in gene knockouts or over-expression to improve
agronomic properties. (B) Average number of single gene perturbations that overcome an efficiency threshold in the top 5 RILs scored by single
perturbation (light bars; error bars represent standard deviation for the selected RILs) and average probability of selecting the same multiple-
perturbation commonly in a set of RILs (dark bars; error bars show standard deviation for all genes of the TRN). Precision, recall and F-score (green,
red and blue lines, respectively) compare observed experimentally volatile compound correlations vs inferred set of potential genetic perturbations
(gene knockout (C, D) or over-expression (E, F)) shared to optimize each compound independently. Note that experimental metabolite correlations
r,0.5 were not considered in (D, F).
doi:10.1371/journal.pcbi.1002528.g004
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PLoS Computational Biology | www.ploscompbiol.org 8 June 2012 | Volume 8 | Issue 6 | e1002528Table 2. The top 10 pairs-gene knockouts or over-expressions that maximize the agronomic properties of the tomato fruit.
Gene Gene Annotation Efficiency (%)
1
Acceptability
LE33G22; LE28J07 Adenylate kinase, putative; vesicle-associated membrane
protein, putative
16.54
LE15D09; LE33G22 Vesicle-associated membrane protein, putative; adenylate
kinase, putative
16.54
LE17M21; LE33G22 Selenoprotein O, putative; adenylate kinase, putative 16.40
LE17D17; LE33G22 F-box family protein; adenylate kinase, putative 16.37
LE15E19; LE33G22 Ribosomal protein; adenylate kinase, putative 16.07
LE7I21; LE33G22 Proline-rich cell wall protein-like; adenylate kinase, putative 15.90
LE33G22; LE23K21 Adenylate kinase, putative; amino acid transporter, putative 15.87
LE33G22; LE2C08 Adenylate kinase, putative; chloroplast lumen
common family protein
15.85
LE33G22; LE25J09 Adenylate kinase, putative; AT-HSFA6B, DNA
binding/transcription factor
15.84
LE33G22; LE24D10 Adenylate kinase, putative; not found 15.78
Quality (aroma and taste)
LE27F15; LE29L05 Protein kinase family protein; branched-chain amino acid aminotransferase 422.60
LE16D08; LE6G08 Similar to 60S ribosomal protein L35; sucrose phosphate synthase 360.63
LE9A08; LE15E23 GRAM domain-containing protein/ABA-responsive protein-related;
putative threonyl-tRNA synthetase
303.04
LE18E13; LE8A19 MYB transcription factor; putative glycerophosphoryl diester
phosphodiesterase family protein
263.91
LE32B05; LE4D06 YABBY2-like transcription factor YAB2; tRNA-dihydrouridine
synthase A, putative
253.33
LE15L08; LE4J06 Putative rac protein; 50S ribosomal protein L27, chloroplastic 244.32
LE29E13; LE13F06 Fyve finger-containing phosphoinositide kinase, fyv1,
putative; transmembrane protein, putative
242.56
LE13F06; LE15J03 Transmembrane protein, putative; ankyrin-like protein 240.19
LE17G02; LE15D07 Pantothenate kinase, putative; polynucleotide kinase-
39-phosphatase, putative
239.10
LE15D07; LE20I03 Polynucleotide kinase- 39-phosphatase, putative; DEX1,
calcium ion binding
239.03
Quality vs production
LE13F06; LE15J03 Transmembrane protein, putative; ankyrin-like protein 49.79
LE12O13; LE33G22 Prefoldin subunit, putative; adenylate kinase, putative 49.16
LE2C24; LE29J02 ATAB2; RNA binding; GTP-binding protein LepA homolog 49.15
LE12P11; LE2C24 Not found; ATAB2; RNA binding 48.81
LE2C24; LE21J01 ATAB2; RNA binding; Dolichyl-phosphate beta-
glucosyltransferase, putative
48.28
LE12O13; LE25M06 Prefoldin subunit, putative; Pre-mRNA-processing
protein prp39, putative
46.63
LE12O13; LE14B20 Prefoldin subunit, putative; clathrin adaptor complexes medium subunit
family protein
46.18
LE14B20; LE21J01 Clathrin adaptor complexes medium subunit family protein; dolichyl-
phosphate beta-glucosyltransferase, putative
44.86
LE33B09; LE2C24 Not found; ATAB2; RNA binding 44.64
LE18M21; LE14B20 Cysteine protease; clathrin adaptor complexes medium subunit
family protein
44.05
1Efficiencies were selected in the RIL where the perturbation maximizes the fruit acceptability, quality and, quality vs production (RILs 103, 142, and 135, respectively).
Knockout genes were showed in bold type and the others were gene over-expressed.
doi:10.1371/journal.pcbi.1002528.t002
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genes proposed by the models however are new, therefore opening
new avenues of research either by targeting in transgenic plants,
identification of mutants in those genes by TILLING [36] or by
TAL engineering [37], as well as to be used as an additional guide
during plant breeding. In principle these modifications are to be
implemented in red fruit or around red fruit stage either
genetically or by the use of external elicitors (physical or chemical)
and our model provides roadmap for those approaches. Our
methodology takes advantage of our ability to predict variations in
fruit cell phenotype based on changes in the transcriptome. The
linear relationships shown in Figure 3 (A, C, and D) guarantees
that by optimizing our effective transcriptomic, metabolic or
phenotypic fitness we are also optimizing the phenotype measured
experimentally of the tomato fruits. While it is true that complex
multi-organ organism such as tomato rely on the coordination and
transport of multiple signals and nutrients from different parts of
the plants to achieve the final phenotype, and this is especially true
for the fruit [19,38], it not less true that the most important part of
the fruit characteristics at ripening depends basically on the fruit
program before around the ripening stage [39,40].
The ability to target redesign crops for enhanced content of
metabolites of interest has been experimentally achieved in a
number of cases (for instance vitamins C [41] and E [42]) using
transgenic approaches and the information of bottlenecks or
limiting steps for the biochemical pathways of the compounds of
interest. The most dramatic examples of this have been
introducing the new trait in a genetic background with very low
value for it (i.e., golden rice [43]) using ectopic expression of one or
several foreign genes. The use of natural genetic variability in
combination with our nonbiased (hypothesis-free) modeling
approach allows us to identify new candidate genes as potential
targets to engineer the plant (although the biotechnological use of
more active orthologs from other organisms is not discarded in our
approach). The existence of regulatory networks connecting
primary and secondary metabolism in plants should also be taken
into consideration in future attempts to metabolically engineer the
various classes of plant secondary metabolites [44]. It is interesting
that known genes in the biosynthesis path often do not co-localize
with quantitative trait locus for the metabolites in the path [35]
indicating that there is ample of opportunities to be explored for
metabolite and quality improvement, and our model fits nicely in
this gap.
Materials and Methods
Plant material, transcriptomic, metabolomic and
phenomic data
The construction of the tomato RILs used in this study has been
described elsewhere [45]. Triplicate samples of red ripe fruits (each
representing at least 5 fruit) from each of 169 RILs were harvested
and analyzed for volatile compounds as described in [46]. For
method validation, red ripe fruits from five ILs with a different
genetic background [47] were used. Transcript profile datasets
(1187663650 data points) were obtained from triplicate fruit
samples of 50 selected RILs using TOM2 microarray, as
previously reported [48]. Data sets corresponding to the rest of
metabolites and phenomic data were obtained as in [46] from
triplicate samples of the 169 RILs. To decrease experimental
variability, the same fruits representing each RIL were homoge-
nized and divided in different aliquot samples for the different
metabolite or transcript profiling techniques. Before use all
transcriptomic, metabolomic and phenomic data were normalized
and transformed to log-scale. The ILs used for model validation
have been described previously [21].
Mathematical model
An effective linear model based on ODEs each providing the
steady states of tomato fruit mRNA was used to describe
transcriptional gene regulations [7]. Thus, the mRNA steady
state from the ith gene, gi, is given by
dgi
dt
~
X
j qijgj{d
ggizDi,
where qij represents the regulatory effect that gene j has on gene i.
Each gene expression value is contained (jgmin
i ƒgiƒj
{1gmax
i ) in
a range interval defined by the minimum (gmin
i ) and maximum
(gmax
i ) value of all its experimental measurements obtained from
the subset of 50 RILs used for transcript profiling. j§1 is a
tunable parameter that decreases the gene expression range to
improve the predictive capacity of the presented model under
genetic predictions. The dynamics of metabolic profile was
computed by
dmi
dt
~
X
j cijgj{d
mmizCi, where mi is the
steady-state concentration from the ith metabolite, cij is the
regulatory strength that gene j has on metabolite i. Hence,
agronomic variables (AV) were predicted by means of a linear
combination of the metabolic profile, AVi~
P
j bijmjzVi, where
bij is the regulatory effect that metabolite j has on agronomic
variable i. D, C and V are the perturbation terms that allow to
calibrate gene expression, metabolic profiles and predicted
agronomic properties, respectively, for all RILs. Notice that
degradation coefficients of genes and metabolites (d
g~d
m~1,
respectively) scaled time conveniently and that we assumed the
model in steady state (gi~
P
j qijgjzDi and mi~
P
j cijgjzCi).
Construction of an effective transcriptional regulatory
network connected with metabolism to explain
agronomic properties
Our global model consists of three blocks of algebraic equations
covering respectively from gene expression, through metabolic
profile until agronomic properties, and in all three cases the same
methodology was applied. The inference procedure consisted of
two nested steps. Firstly, the network connectivity was inferred by
using the InferGene algorithm [7]. This method uses mutual
information with a local significance value (z-score computation) to
obtain the effective regulations. Hence, the potential interaction
between a predictor and a target is z-scored, constituting an
estimator of the likelihood of mutual information. Subsequently,
we selected a z-score threshold for a predictor cutoff. In a second
step, LASSO method was used to avoid over-fitting and to
estimate the kinetic parameters of each effective model. Notice
that the 8.7% of the selected genes in the TRN were annotated as
TFs and 16.2% as encoding enzymatic activities and, in neither
case, they were over-represented since both the tomato genome
and the whole array contain similar fractions of TFs (8.8%) and
enzymes (17.1%).
For the construction of the effective TRN model and its later
integration with the metabolism, we used steady-state mRNA
expression profiles derived from RILs transcriptionally and
metabolically characterized. The dataset contains pre-processed
expression data from 5063=150 hybridization experiments using
an array with 11876 probe sets spotted, and data for levels of 67
metabolites that were quantified over the same sample set. For this
study, we only considered the 5592 genes whose expression values
could be consistently found in more than 80% of the microarrays.
We found 1057 TFs and 1962 genes with enzymatic activity after
searching for the motifs transcription regulator and enzyme
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(Tom2). Moreover, all 169 RILs (including the previous 50 ones)
for which we had metabolite and phenotype data were used to
train a linear model able to predict agronomic properties of the
fruit from potentially predictor metabolites. In all cases transcrip-
tomic and metabolomic data were first normalized using the
LOWESS procedure [26] and subsequently converted into z-
scores across the RILs. In order to calibrate gene expression and
metabolite concentration, both models included a perturbation
term (D
RIL
i and CRIL
i , respectively) to fit all their i-genes and j-
metabolites for a given RIL. We assumed a constant perturbation
in the gene expression prediction because of its low variation
across the training set (standard deviation of v
D
g
wi for all RILs is
0.072-fold the standard deviation of gene expression, vsgwRIL)
with respect to the mean value, 0:22vsgwRIL. Similarly, the
average error to predict the metabolic profile across the training
set was increased to 0:99vsgwRIL.
Three plain text files containing the transcriptional, metabolic
and phenotypic model for tomato were constructed and are
available in Dataset S1. A directed network was constructed which
places genes and metabolites as nodes and effective transcriptional
and gene-metabolite interactions as edges. For the transcriptional
interactions, edges link genes (including TFs, enzymes and genes
without ability to regulate) to other genes or to a metabolite, in the
case of metabolism.
Genome-wide multiple-optimization
Our algorithm searches possible reconfigurations of the global
effective transcription regulatory network of tomato such as that
the specified agronomic properties are improved (maximized or
minimized) with respect to the properties of interest obtained in a
given RIL. Different properties of interest have been optimized,
ranging from single metabolites defining the sweetness or sourness
of the fruit, to linear combinations of a set of metabolites
determining the quality in terms of flavor and taste and even
further to include objective functions that try to integrate two of
those goals with a trade-off and balanced weighting factors such as
fruit quality and yield.
We have addressed this optimization problem using two
approaches. Firstly, we exhaustively enumerated all possible single
gene knockouts and over-expression for each case to be optimized
under a given selective pressure of interest. Second, we ranked all
possible perturbations according to the new agronomic properties
they would generate. The third step was to suggest genome
reconfigurations that include multiple actions: gene knockouts,
over-expressed genes, or both, in order to enlarge the combina-
torial space of perturbed genomes. To do that, we have used an
exhaustive method aimed at finding the global optimum in the
space of all possible synthetic TRN. We started from the inferred
model (see Mathematical model above) and applied an optimiza-
tion scheme. At each step of the optimization process, we selected
each gene among the ones involved in the transcriptomic model to
evaluate the effect of three possible approaches (knockout, over-
expression or wild-type scenario); we updated the model with the
genetic perturbation that provided the best score. Note that to
simulate knockout or over-expression in the gene i, we substituted
its ODE by the minimum (jgmin
i ) or maximum (j
{1gmax
i ) values
respectively observed in the range of diversity of the 50 RILs.
Experimental and computational metabolite correlation
We computed the sets of single-gene perturbations, ?, by gene
knockout or over-expression that alter significantly the levels of the
56 volatile metabolites representing the volatile compounds taking
into account the global model. For the sake of the model we
considered only those gene perturbations that would cause
significant changes in the metabolite concentration higher than
1% (pv0:01). L can be divided into genetic modifications that
increase (H) or decrease (J) the metabolite concentrations,
respectively. Hence, correlations between metabolite pairs i and
j (Cij) were calculated as the difference between Cz
ij and C{
ij by
using the set of single-gene perturbations proposed by the model
Cz
ij ~max(
Hi\Hj
Hi|Hj
,
Ji\Jj
Ji|Jj
)
Cz
ij ~max(
Hi\Jj
Hi|Jj
,
Ji\Hj
Ji|Hj
),
where Cz
ij and C{
ij is the maximum normalized intersection
predicted between the set of gene perturbations proposed by
altering positively or/and negatively, respectively. We used these
correlations to compute dendograms of all volatile compounds by
using the distance inferred by the model (1{Cij) depending on the
L selected by gene knockout or over-expression.
The performance of the inferred metabolite correlations was
evaluated using as a reference a set of empirical correlations
previously obtained among these metabolites. We used different
cut-offs, k, to identify metabolite correlations (Cijwk). The
fraction of metabolite pairs that were correctly predicted by the
model (precision, P) and the fraction of all known correlations that
were discovered by the model (sensitivity, S) were used to compute
a performance statistic defined as F~
2PS
PzS
.
Robustness of statistical inferences in the model
construction
To estimate the range of FPR and PPV statistics computed in
the different cross-validations of the model, a bootstrap method
was used. To this end, we generated 10000 random lists (with
replacement) of metabolites/genes of size equal than the set of
metabolites/genes proposed by the model as predictors of
agronomic properties/metabolites/genes. Each of these random
lists was then compared to the actual list of predictors proposed by
the model and the corresponding FPR and PPV values computed
to construct their expected null distributions. The observed FPR
and PPV values were contrasted against these distributions and
their significance assessed.
Supporting Information
Dataset S1 Transcriptional, metabolic and phenotypic models
of tomato fruit.
(XLS)
Dataset S2 Single knockout and over-expressed genes to
improve desired agronomic properties (acceptability, quality and
quality vs production of tomato fruits; four volatile compounds;
vitamin C, and different types of sugars and acids) and functional
categorization of genes that induced high degree of improvement
in those agronomic properties; notice that functional enrichment
of all genes involved in the TRN was included. Gene ontology
enrichment analyses were performed using the TFGD tool
[TFGD]. It is also showed the functional categories significantly
represented among those genes that were selected to describe the
TRN of tomato fruit. A total of 19 cellular processes and 45
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related to cellular metabolic processes were the most abundant
(p,0.0001), what makes sense since they were selected to predict
cellular metabolism; whereas genes related to response to nutrient
stimulus were present but the least common (p,0.1).
(XLS)
Dataset S3 Multiple combinations of knockout and over-
expressed gene sets to improve desired agronomic properties
(acceptability, quality and quality vs production of tomato fruits).
(XLS)
Dataset S4 Experimental evidences of each gene perturbation
proposed by the model to optimize the different scoring function
used.
(XLS)
Figure S1 Synthetic biology of tomato fruit vs computer science.
(PDF)
Figure S2 From data to global models to redesign using an
approach based on synthetic biology.
(PDF)
Figure S3 Phenotype prediction (number of fruits per plant,
fruit harvested, average fruit weight and pH) by using the
genotype described in the 50 RILs in which transcript levels were
measured. Pearson coefficient correlation (A,C) between the
predicted and measured phenotypic profile and number of genes
(B,D) selected by LASSO method as predictors for different
thresholds of the fitting parameter (tLASSO). Note that we used
two different z-score levels (z=2, (A,B); and z=3 (C,D)) to
included genes as possible predictors to be selected by LASSO.
The dashed line plotted in (A,B) shows the parameter, tLASSO,
and the level of z-score used to constructed the relationship
between phenotype and metabolome.
(PDF)
Figure S4 Exhaustive exploration and statistical significance of
the landscape of single desired agronomic properties of tomato
fruit (vitamin C, blue; fructose and glucose, red; and citric and
malic acids, green) perturbing its effective TRN locally. (A)
Agronomic properties improved by perturbing a single gene as
function of efficiency reached by that transcriptional perturbation
with respect to the wild-type scenario; notice that only perturba-
tions with positive mean efficiencies are plotted. Both agronomic
properties and efficiencies of a single perturbation are average
variables tested on the 169 RILs and error bars represent their
minimum and maximum values in both axis. (B) Dependence
between agronomic properties in the wild-type genome and the
average of the agronomic properties resulting of all single
perturbations in the wild-type TRN for each RIL; vertical error
bars represent the best and worst optimized re-engineered TRN
for a given RIL. (C–D) Average number of single gene
perturbations that overcome an efficiency threshold in the 169
RILS (light bars; error bars represent standard deviation for the
169 RILs) and average probability of selecting the same gene-
perturbation commonly in a set of RILs (dark bars; error bars
show standard deviation for all genes of the TRN). Left and right
columns represent perturbations in terms of single gene knockout
or overexpression, respectively.
(PDF)
Figure S5 (A) Dendogram of the volatile compound correlations
observed experimentally. (B, C) Dendograms inferred by the
model defining the distance between volatile compound as the
number of common genetic perturbations predicted to optimize
the levels of each volatile compound.
(PDF)
Figure S6 Percentage of altered genes (via gene knockout or
over-expression; blue bars) proposed by the model to minimize the
levels of volatile compounds (linalool (A) or, 1-nitro-2-pheny-
lethane, 2-isobutylthiazole and benzylnitrile (B)) that were found
significantly over-/under-expressed in the transcriptome of two
ILs characterized experimentally with extremely low levels of those
volatile compounds. The cut-off of the coefficient of variation
between replicates was 75%. The Mann-Withney’s U-test
significance using random selection of gene perturbations (red
bars) is shown (***statistically significant). Error bars represent the
standard deviations of scores obtained from three ILs. 16.7% of
the over-expressed genes proposed by the model to minimize the
level of linalool were significantly recovered in gene expression
(Figure S4A). In addition, 1.89% and 3.33% of genes candidates to
be knockout or over-expressed (Figure S4B), respectively, also were
identified significantly altered in the gene expression of the IL in
which the three volatile compounds were found in minimum
amount indicating this part of the transcriptome is relevant and
associated to this volatile sub-phenotype among the other
differential traits in these ILs.
(PDF)
Figure S7 Correlations observed between agronomic variables
and metabolites of different fruit genotypes generated by
simulating all possible single gene knockout (A–E) or over-
expression (F–J) in the wild-type genome model of the tomato
fruit. Standard deviations of all metabolites or agronomic variables
show the diversity generated by implementing each genetic
perturbation in the 169 RILs. Note that we only plotted re-
engineered genomes whose transcriptome predicted showed errors
lower than 1% (241 d.f. and 25 d.f. for knockout and over-
expressed genes, respectively).
(PDF)
Table S1 The top 5 single-gene knockouts and over-expressions
that maximize the agronomic properties of the tomato fruit based
on improve only one objective.
(PDF)
Table S2 The top 5 single-gene knockouts and over-expressions
that minimize the agronomic properties of the tomato fruit based
on improve only one objective.
(PDF)
Text S1 Genome design based on single perturbations to fine-
tuning phenotypes with biotechnological interests. Model valida-
tion: fine-tuning tomato phenotype of two experimental inbred
lines by computational genome design. Prediction of phenotypic
correlations in re-engineered tomato fruits.
(PDF)
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